Economic Momentum and Currency Returns by Dahlquist, Magnus & Hasseltoft, Henrik
Economic Momentum and Currency Returns
Magnus Dahlquist Henrik Hasseltoft⇤
March 27, 2015
Abstract
Past trends in a broad range of fundamental variables predict currency returns. We
document that a trading strategy that goes long currencies in countries with strong
economic momentum and short currencies in countries with weak economic momen-
tum exhibits an annualized Sharpe ratio of about one and yields a significant alpha
when controlling for standard carry, momentum, and value strategies. The economic
momentum strategy subsumes the alpha of carry trades, suggesting that cross-country
di↵erences in carry are captured by di↵erences in past economic trends. Moreover,
we study investors’ expectations of fundamental variables and find the expectations to
be extrapolative but negatively related to the portfolio weights, which rank economic
trends across countries.
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1 Introduction
Present-value models suggest that the exchange rate can be written as a function of current
and expected fundamentals. However, ever since the seminal work of Meese and Rogo↵
(1983), researchers have struggled to find support for these models, as fundamentals have
problems predicting exchange rates out of sample. Rather than using macro fundamentals,
researchers have documented cross-sectional and time-series predictability of exchange rates
in the form of carry, momentum, and value strategies. However, it is still widely debated
what economic risks, if any, these strategies represent.1 In addition, as expectations of
fundamentals arguably matter for exchange rates (e.g., Engel and West, 2005; Engel et
al., 2007; Sarno and Schmeling, 2014), it becomes important to understand how investors
actually form expectations. While it has been documented that investors’ expectations of
returns on financial assets are extrapolative, there is less empirical evidence as to whether
this also holds true for investors’ expectations of fundamentals.2
We contribute to the literature in three ways. First, we document that past trends, mea-
sured over 1–60 months, in a broad range of macro fundamentals predict currency returns.
A momentum strategy that goes long currencies in countries with relatively strong economic
momentum and short currencies in countries with relatively weak economic momentum ex-
1The literature on the carry trade and its potential determinants is vast. For example, Lustig and
Verdelhan (2007) explain deviations from the uncovered interest-rate parity with reference to aggregate
consumption risk. Brunnermeier et al. (2009), Chernov et al. (2014), Daniel et al. (2014), Farhi et al. (2014),
Jurek (2014), and Lettau et al. (2014) relate the carry trade to crash and downside risk. Burnside et
al. (2011) argue that carry-trade profits reflect a peso problem. Lustig et al. (2011) identify a carry-trade risk
factor. Menkho↵ et al. (2012b) find that carry-trade profits are compensation for global foreign exchange
rate volatility risk. Engel (2014) surveys the literature on carry trades and the determinants of exchange
rates.
2While the findings of Malmendier and Nagel (2014) suggest that individuals’ inflation expectations reflect
extrapolative behavior, to our knowledge no study documents whether this also holds true for a broad range
of economic variables and countries. Greenwood and Shleifer (2014) and Koijen et al. (2015) document
that investors’ expectations of returns on financial assets are extrapolative. Fuster et al. (2010) survey the
literature on extrapolation. There is also a growing theoretical literature that explores the implications of
investors having extrapolative expectations of fundamentals (e.g., Fuster et al., 2011; Choi and Mertens,
2013; Hirshleifer et al., 2015).
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hibits an annualized Sharpe ratio of about one over the 1976–2014 period, and delivers a
statistically significant alpha when controlling for common currency strategies. That is, cur-
rencies whose countries have experienced relatively strong (weak) economic trends in the
past are associated with high (low) expected returns. Second, we find that momentum re-
turns based on fundamentals subsume the alpha of carry-trade strategies. This suggests that
cross-country di↵erences in carry are captured by di↵erences in past economic trends, where
countries that rank high (low) in terms of carry are countries that have experienced strong
(weak) economic growth, inflation, and trends in interest rates in the past. Third, we study
the determinants of investors’ expectations of macro fundamentals across a broad range of
economic variables and countries and find that expectations of all variables load positively
on recent economic trends, suggesting uniformly extrapolative expectations. However, in-
vestor expectations are negatively related to the portfolio weights, which rank the strength
of economic trends across countries.
We measure trends in eight fundamental variables: one-month interest rates, yield spreads,
ten-year interest rates, inflation, trade balances, industrial production, retail sales, and un-
employment. We base the main results on two simple and intuitive measures of economic
trends, namely, past changes and the statistical significance of linear time-trend regressions,
and measure trends over the past 1–60 months. We define the fundamental variables such
that increases in the variables are associated with positive economic growth.3 We form
trading strategies for each variable and trend horizon and for a combination of trends. We
find that the cross-section of past economic trends significantly predicts excess returns and
exchange-rate changes up to a horizon of twelve months. While past trends in fundamentals
over the short, intermediate, and long horizons all contain independent information about
3To be more specific, we consider increasing interest rates, flatter yield spreads, positive inflation, in-
creasing trade surpluses, positive growth in industrial production, positive growth in retail sales, and lower
unemployment by considering the inverse of unemployment. We find that the variables, except for trade
balance, are empirically positively related to the growth in industrial production.
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expected returns, the strongest contribution to performance comes from long-term trends
over the past three to five years. Long-term trends in fundamentals also most strongly
capture the carry-trade alpha.
While we apply the trend measures to fundamentals, Moskowitz et al. (2012) and Baltas
and Kosowski (2015) apply them to futures prices across asset classes and document high
Sharpe ratios from strategies based on time-series momentum and trend following. That we
apply the same trend measures but to fundamentals implies that the investment strategy can
be viewed as a cross-sectional trend-following strategy based on fundamentals. Interestingly,
neither traditional cross-sectional nor time-series exchange rate momentum strategies can
explain the returns of the trading strategy, suggesting that price and fundamental momentum
strategies represent distinct strategies.
Our findings are related to those of Ang and Chen (2010), who predict currency returns
from monthly changes in interest rates and yield spreads. They document Sharpe ratios of
approximately 0.50 when using changes in interest rates but a Sharpe ratio of near zero when
using changes in yield spreads. Importantly, they find monthly changes in interest rates and
yield spreads to be unrelated to the carry trade. However, we find that when using long-term
changes for up to five years, Sharpe ratios improve substantially and interest-rate changes
become significant determinants of carry-trade profits.
Our findings imply that fundamentals do matter for exchange rates but raise the ques-
tion of why currencies whose countries have experienced positive economic momentum would
be subject to high expected returns. If the results are to be mapped into a present-value
framework, they imply that past macro trends capture current expectations of future macro
fundamentals. In addition, the fact that the alpha from carry trades is subsumed by the
strategy raises the question of why carry and past economic trends should be related. Sev-
eral possible explanations could be considered, but one particular explanation that seems
applicable is that of monetary policy and the role of Taylor (1993) rules. Provided that
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the monetary authorities of a country adhere to a Taylor-type rule, then strong economic
conditions and rising inflation in the past likely induced a tightening of monetary policy.
In this case, countries with currently high (low) carry likely experienced positive (negative)
past trends in economic fundamentals. Cross-sectional carry could therefore be captured by
relative trends in fundamentals. However, we cannot rule out other explanations. It is worth
noting that, while the economic momentum strategy captures the alphas of carry trades,
carry trades cannot fully explain the returns of the economic momentum strategy. Hence,
investing according to past trends in fundamentals seems to represent an additional source
of returns. The exact origin of these returns remains an open question.
A recent and growing literature has documented that investors’ expectations of returns
on various financial assets are extrapolative (e.g., Greenwood and Shleifer, 2013; Barberis
et al., 2014; Koijen et al., 2015), but there is less empirical evidence as to whether this
is also true for expectations of fundamentals. To shed some light on this issue, we study
how investors’ expectations of fundamentals depend on past changes in the variables they
forecast. We use quarterly survey expectations from the World Economic Survey to measure
investors’ expectations over the next six months across a large number of countries. Re-
gressing investors’ expectations on recent changes in fundamental variables yields positive
coe cients across all variables, suggesting that expectations of fundamentals are uniformly
extrapolative. However, regressing surveys on the portfolio weights, which measure the rank-
ing of economic trends across countries, yields significant and negative coe cients. Hence,
recent economic trends within a country and the ranking of trends across countries seem to
relate di↵erently to investors’ expectations.
In addition, we document that investors’ expectations of the future appreciation of their
currencies are negatively related to the model-implied expected returns. That is, when the
trading strategy predicts positive returns on a currency, investors expect a depreciation of
the currency. Consistent with this, we find that investing according to investors’ views of the
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future strength of their currency yields a negative performance. This is consistent with recent
evidence presented by Koijen et al. (2015). We therefore also consider a trading strategy that
invests according to investor’s expectations of fundamentals. We form a portfolio that goes
long the currencies of countries for which investors expect an increase in the variables, which
in the data tend to be associated with good economic conditions, and short the currencies
of countries for which the expectations are negative. We find that such strategies also yield
negative Sharpe ratios. That is, investing in countries for which investors expect tighter
monetary policy, stronger growth, and higher inflation yields negative performance.
Our finding that past trends in a country’s trade balance predict currency returns is
related to that of Gourinchas and Rey (2007), who demonstrate that a country’s external
imbalance must predict either future net export growth or future returns on the country’s
foreign asset portfolio (or both). A key determinant of the return on the foreign asset
portfolio is the future evolution of the country’s currency, implying predictability of exchange
rates. Indeed, Gourinchas and Rey (2007) document that the deviation of a country’s trade
surplus from its trend predicts the appreciation of its currency.4 Rather than using the
deviation of the trade balance from its trend, we find that the trend itself predicts currency
returns. We also check whether a strategy based on deviations from the trend generates
positive returns and find that it generates a positive Sharpe ratio, supporting earlier studies.
Section 2 describes the data while section 3 describes how we measure economic momen-
tum from trends in fundamental variables and how we form portfolios. Section 4 presents
and discusses the performance of the economic momentum strategy and section 5 studies
how investors’ expectations of fundamentals relate to past trends in fundamentals. Section
6 concludes.
4Building on these findings, Della Corte et al. (2012) take a portfolio approach and find that an investor
who conditions on the cyclical external imbalance of a country when investing in foreign exchange experiences
large utility gains. Della Corte et al. (2014) consider a risk factor based on global imbalances to capture
cross-sectional variation in currency returns.
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2 Data
2.1 Exchange rates
We retrieve daily data on spot and one-month forward exchange rates from Datastream for
the period from January 1976 to May 2014 for nineteen countries—i.e., Australia, Austria,
Belgium, Canada, Denmark, France, Germany, Ireland, Italy, Japan, the Netherlands, New
Zealand, Norway, Portugal, South Africa, Spain, Sweden, Switzerland, and the UK—as
well as the Eurozone. All twenty currencies are expressed in US dollars (USD) per unit
of foreign currency. An increase in the exchange rate of currency c at time t, Sc,t, implies
appreciation of the foreign currency and depreciation of the USD. As one-month interbank
rates are not available for all countries during this period, we compute implied one-month
rates using covered interest-rate parity using spot and forward exchange rates and the one-
month interbank US rate. We assume the USD to be the home currency, the excess return on
investing in foreign currency c via a forward contract, Fc,t, being denoted Rc,t+1 = (Sc,t+1  
Fc,t)/Fc,t. Currencies now in the Eurozone are used only until 31 December 1998, after
which the Euro is used. We also consider a smaller subset of currencies comprising the G10
currencies, representing Australia, Canada, the Eurozone, Japan, New Zealand, Norway,
Sweden, Switzerland, and the UK. Results pertaining to G10 currencies are reported in an
online appendix.
2.2 Fundamental variables
We collect data on eight fundamental variables: one-month interbank rates, yield spreads,
ten-year interest rates, inflation, trade balances, industrial production, retail sales, and un-
employment. One-month interbank rates are computed using covered interest-rate parity
as described above. Remaining data are collected from the statistical database of the
OECD. The trade balance of a country is constructed by retrieving exports and imports
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of goods, measured in USD, and then defining the trade-balance measure as (Exports – Im-
ports)/ (Exports + Imports), capturing the trade imbalance of goods as a proportion of total
goods traded.5 Monthly growth rates in industrial production and retail sales together with
monthly inflation are also collected and used to construct production, sales, and consumer
price indices. Unemployment data are collected; we use the inverse of unemployment so that
an increase in the variable corresponds to good economic conditions. Long-term interest
rates, also available from the OECD, predominantly reflect ten-year nominal government
bonds. We define yield spreads as short rates minus long rates, meaning that an increase
in the variable reflects a flattening of the yield curve, which is typically associated with
good economic conditions. Hence, the variables are constructed such that increases in the
variables are positively related to economic growth and consequently correspond to higher
trade surpluses, higher growth, higher inflation, rising interest rates, and a flattening of the
yield curve. We verify that the variables are indeed positively related to economic growth,
though the trade balance has a negative but insignificant coe cient. Results of these panel
regressions are reported in an online appendix. All data cover the period from January 1976
to May 2014. The short-rate data comprise daily observations while the remaining data
comprise monthly observations.
2.3 Surveys
We obtain quarterly survey expectations from the World Economic Survey (WES), which
can be downloaded from Datastream. Economists in over 120 countries are polled on their
expectations of future macro variables, exchange rates, interest rates, and stock prices for the
next six months. The participants work in the countries in which the survey is administered
and represent a broad range of organizations such as banks, insurance companies, research
5Alternatively, the net exports can be normalized by the level of GDP, though the results achieved are
similar.
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institutions, the IMF, the OECD, and the media. Survey participants are asked whether a
particular variable will be higher, the same, or lower six months from the day of the survey.
The response is then coded 9 for higher, 5 for the same, and 1 for lower. The final score
is the average of individual responses. Data availability depends on the particular variable
and starts in 1989. Responses are collected during the first month of each quarter and are
published via a press release in the second month of the quarter. Recently, Koijen et al.
(2015) used these surveys in a study of expected returns and asset pricing puzzles. Stangl
(2007) and Kudymowa et al. (2013) present more detailed information about the surveys.
We focus on surveys that can be directly mapped to the fundamental variables. We
collect quarterly survey responses regarding expected short rates, yield spreads, long rates,
inflation, trade balance, and economic activity. Yield spread expectations are not directly
obtainable, so we construct a proxy by taking the di↵erence between short-rate and long-rate
expectations. Hence, an increase in the yield-spread variable reflects expectations of a flatter
yield curve. We also collect survey expectations of the future value of the local currency. As
the survey asks about the future value of the USD relative to the local currency, we take the
inverse of the survey score to make a higher score imply expected strengthening of the local
currency and weakening of the USD. Surveys regarding short rates, trade balance, economic
conditions, and foreign exchange are available from Q1 1989, inflation surveys from Q3 1991,
and long-rates from Q2 1998.
3 Economic momentum and portfolio construction
The main results are based on two ways of measuring trends, namely, changes (or log changes)
in variables and the significance of linear time trends. The construction of the trend measures
is kept simple to minimize any data-mining concerns. For robustness, we have also considered
trend measures based on moving averages and quadratic time-trend regressions, with very
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similar results. The main results are based on all twenty currencies, but we also report
results for the G10 countries in an online appendix. The objective is to measure various
trend frequencies and avoid arbitrary lookback periods. We consider lookback periods of
1–60 months, where the minimum lookback period used for each variable depends on the
trend measure employed and whether data for that particular variable are observed daily
or monthly. As the data frequency di↵ers among the variables and we would like to use as
much data as possible, the construction of the trend measures di↵ers slightly across variables
while remaining conceptually the same. All trend measures are computed at the end of each
month when portfolio rebalancing occurs.
3.1 Momentum in short rates
Data on one-month short rates consist of daily observations with continuously compounded
short rates being denoted rt. The first trend measure is constructed as the changes in short
rates for each country over the last h = 1:60 months, normalized by the volatility of rate
changes:
rt   rt h
 r,t
, (1)
where  r,t measures the volatility of daily interest-rate changes over the lookback period and
is computed using an exponentially weighted moving average with a decay parameter of 0.94.
The second trend measure is based on a linear time-trend regression in which at each time
t we estimate a linear time trend in rt for each lookback period of h = 1:60 months:
r⌧ = ↵h,t +  h,t⌧ + ✏⌧ , (2)
where ⌧ = t   h ⇥ 21, ..., t and h ⇥ 21 denotes the number of trading days over which
the regression is estimated. The investment signal is based on the strength of time trends,
measured by the t-statistic of  h,t, where standard errors are computed using the Newey
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and West (1987) procedure.6 Note that the regression coe cients depend on both lookback
period, h, and time, t. This means that we are not fitting a global regression line but instead
a series of local regression lines each month, spanning a range of lookback periods.
3.2 Momentum in macro variables
Unlike short rates, for which we have daily observations, the remaining data on ten-year
yields, yield spreads, trade balances, consumer price indices, industrial production indices,
retail sales indices, and unemployment are monthly, so the trend construction is slightly
di↵erent. The first trend measure based on changes is constructed as changes over h = 1:60
months, Xt  Xt h, where Xt denotes the particular variable in levels or logs.7 The second
trend measure is again based on the statistical significance of a linear time-trend regression
but now using monthly data. To guarantee a reasonable minimum number of observations,
we consider lookback periods of 24–60 months. We run the following regression:
X⌧ = ↵h,t +  h,t⌧ + ✏⌧ , (3)
where ⌧ = t   h, ..., t. The investment signal is based on the strength of the time trend,
measured by the t-statistic of  h,t, standard errors being computed using the Newey and
West (1987) procedure.8 Again, note that the regression coe cients vary with both lookback
horizon, h, and time, t.
6To ensure consistency of the variance-covariance matrix, the number of lags used in the procedure
should grow with the number of observations. For parsimonious reasons, we set the number of lags equal
to (h ⇥ 21)1/3. Selecting a di↵erent number of lags has a small impact on our results. See, for example,
Andrews (1991) and Newey and West (1994) for optimal lag-selection procedures.
7Log changes are used for consumer price indices, industrial production indices, retail sales indices, and
unemployment. Actual changes are used for trade balances, yield spreads, and ten-year interest rates. We
do not normalize these changes by volatility because the observations are monthly, leading to imprecise
volatility estimates.
8The results are based on using three-month-lagged information for non-interest rate variables when
forming portfolios to guarantee that investors had access to relevant macro information when rebalancing
and to address the fact that macro data are often published with a lag. However, such information lagging
has a small impact on the final results.
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3.3 Discussion of momentum measures
It is common in economics to decompose economic variables into trend and cyclical com-
ponents, the trend component being viewed as a deterministic function of time and the
cyclical component as a stationary process evolving around the trend. We are interested in
the trend component and estimate it via deterministic time-trend regressions, measured over
the past 1–60 months. The investment strategy then relates the strength of past trends of
various variables to those in other countries. While it is common in economics to estimate
time trends over decades of data, our focus is di↵erent. We instead view trends as does the
literature on time-series momentum and trend following of financial prices.
A significant slope coe cient in a time-trend regression naturally means that the variable
is non-stationary in the mean. However, we do not use the non-stationary variable itself for
predicting returns but instead use the statistical significance of the slope coe cient in the
form of simple t-statistics. Rather than being non-stationary, the t-statistics evolve over time
in a stationary manner, capturing periods of positive and negative economic momentum. The
online appendix illustrates the time trends, comparing the 60-month time trend in industrial
production in Canada and the UK. The example illustrates how the t-statistics change over
time. Naturally, t-statistics of shorter-term time trends oscillate more strongly over time.
The example also illustrates how the strategy assigns larger portfolio weights to countries
where economic momentum is strong than to countries with weak economic momentum.
3.4 Construction of momentum portfolios
Having described how we construct the trend measures, we now describe how portfolios are
formed. Three dimensions must be considered when constructing portfolios, namely, the
fundamental variable, the trend measure, and the lookback period. We construct a strategy
for each variable, for each of the two trend measures, and for each lookback period. For
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example, for short rates, there are 60 lookback periods (1–60 months) using changes and
when running time-trend regressions, resulting in 120 sub-strategies. For the other variables
for which we employ monthly data, there are 60 lookback periods using changes but only
60 – 24 + 1 lookback periods for the time-trend regressions, resulting in 97 sub-strategies.
In total, 799 sub-strategies are constructed. We later aggregate these sub-strategies based
on type of fundamental variable and the trend horizon. We also consider a strategy that
diversifies across all available sub-strategies.
At the end of each month, currencies are ranked according to the strength of each trend
measure for a particular variable and horizon. We weight currencies according to their cross-
sectionally ranked signal, similar to the method used by Asness et al. (2013) and Koijen et
al. (2013). Every month, the rank-based weight for currency c using variable v for trend
measure i and for lookback horizon h at time t is defined as:
wc,v,i,h,t = t
"
rank(zc,v,i,h,t)  1
Ct
CtX
c=1
rank(zc,v,i,h,t)
#
, (4)
where zc,v,i,h,t denotes the investment signal for currency c using variable v and trend measure
i for lookback horizon h at time t, Ct denotes the total number of available currencies at
time t, and t denotes a scaling factor ensuring that the strategy invests one dollar on the
long side and one dollar on the short side, making it dollar neutral.9 The portfolio return at
time t+ 1 for variable v using trend measure i and lookback horizon h is therefore:
Rv,i,h,t+1 =
CtX
c=1
wc,v,i,h,tRc,t+1. (5)
Hence, these returns for each sub-strategy have been scaled to invest one dollar on the long
side and one dollar on the short side. Using the sub-strategies, we form aggregate portfolios
9We consider additional weighting schemes and find that results are similar if we instead sort currencies
into top and bottom quintiles or quartiles based on trends.
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across variables, trend measures, and lookback periods. As the volatility of each sub-strategy
is di↵erent, we weigh each sub-strategy by the inverse of its volatility over the past three years
and scale the weights such that they sum to one. We then scale the weights of this aggregate
portfolio by a factor of 5% divided by the past realized volatility of the aggregate strategy,
which represents a simple method of volatility timing (e.g., Fleming et al., 2001; Kirby and
Ostdiek, 2012). We later report results of individual portfolios for each of the eight variables,
aggregate portfolios using short-, medium-, or long-term trends, aggregate portfolios using
only changes or time trends, and finally a combined trend portfolio (“combo”) covering all
sub-strategies.
3.5 Construction of benchmark strategies
We construct a number of portfolios based on well-established currency strategies. We use
these additional strategies as benchmarks when evaluating the performance of the trend
strategies. Closely following the existing literature, we construct benchmark strategies in
the forms of carry, momentum, value, dollar-carry, and long-only strategies. We employ two
weighting schemes for the first three strategies and one weighting scheme for the last two,
for a total of eight benchmark strategies. All strategies use end-of-month rebalancing.
The carry portfolio is constructed by sorting countries according to their forward premia.
Covered interest-rate parity implies that Fc,t/Sc,t = (1 + it)/(1 + ic,t), where it and ic,t
denote the domestic and foreign one-month interest rates, respectively. The carry trade is
implemented by going long currencies that trade at a forward discount (Fc,t < Sc,t, ic,t > it)
and short currencies that trade at a forward premium (Fc,t > Sc,t, ic,t < it).
We rank currencies each month according to their forward premia and build portfolios
using two weighting schemes. The first scheme uses rank-based weighting similar to that
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described previously:
wc,t = t
"
rank(Sc,t   Fc,t)  1
Ct
CtX
c=1
rank(Sc,t   Fc,t)
#
, (6)
where the long and short side of the strategy both have one USD invested, implying a zero-
cost and USD-neutral portfolio. We denote this weighting scheme “CS,” for cross-sectional
ranking. The second set of weights, wc,t, for currency c at time t is defined as:
wc,t = sign(Sc,t   Fc,t)/Ct. (7)
These weights go long (short) currencies with forward discounts (premiums) and assign equal
weights to all currencies. One US dollar is spread out over all positions, meaning that the
weights do not necessarily sum to zero, implying that the strategy is not necessarily USD
neutral. For example, if all currencies trade at a forward discount to the USD, the strategy
is long all foreign currencies and therefore short one USD. We denote this weighting scheme
“TS,” highlighting that the weight of a currency is determined solely by its own time series
of forward discounts/premia.10
Momentum and value portfolios are constructed similar to how Asness et al. (2013) con-
struct portfolios.11 The momentum portfolio ranks currencies according to their returns over
the past twelve months. The strategy then goes long currencies with high past returns and
short currencies with low past returns. The value portfolio sorts currencies according to the
negative of the log change in real exchange rates over the past 60 months. More specifically,
10Hassan and Mano (2014) distinguish between currency strategies that form portfolio weights based on the
cross-sectional rank of forward discounts as opposed to the time series of each currency’s forward discount.
They argue that these strategies represent di↵erent anomalies in the data and require di↵erent risk-based
explanations.
11Momentum and value strategies for currencies are also studied in Menkho↵ et al. (2012a) and in Menkho↵
et al. (2015). Asness et al. (2013) find that combinations of value and momentum strategies provide diver-
sification benefits. Moreover, Jorda` and Taylor (2012) document diversification benefits of combining carry
trades with a value-based measure of exchange rates, and Barroso and Santa-Clara (2013) find large benefits
of diversifying across carry, momentum, and value strategies.
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the value signal for currency c in month t is defined as (⇡t 60:t   ⇡c,t 60:t)  sc,t 60:t, where
⇡t 60:t denotes US log inflation over the last 60 months, ⇡c,t 60:t denotes the corresponding
foreign log inflation, and  sc,t 60:t denotes the log depreciation of the USD over the last 60
months. The strategy then goes long high-value currencies and short low-value currencies.
We construct momentum and value portfolios using both CS and TS weights.
Following Lustig et al. (2014), we also construct a dollar carry trade. The strategy goes
long (short) all foreign currencies if the average foreign short-term interest rate is higher
(lower) than the US interest rate; di↵erently stated, the strategy goes long (short) all foreign
currencies if the average forward premium is negative (positive). Hence, this strategy is
not dollar neutral but is either long or short one USD. All foreign currencies receive equal
weights in the portfolio. Finally, we also construct a long-only portfolio that is simply long
an equal-weighted portfolio of all foreign currencies versus the USD. This corresponds to the
average excess-return portfolio in Lustig et al. (2011).
4 Performance
We now present and discuss the performance of the trend strategies. We report performance
statistics for trend strategies based on each separate fundamental variable, for strategies
based on short-, medium-, and long-term trends and for strategies diversified across variables
and horizons. We then relate the trend strategies to the various benchmark strategies, run
predictive panel regressions, and specifically relate the trend strategies to the well-known
carry strategy.
4.1 Performance of momentum strategies
We construct portfolios for each of the eight variables, for each trend measure, and for each
applicable lookback period. Figures 1 and 2 report annualized Sharpe ratios for all sub-
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strategies based on changes and time trends, respectively. The figures show that virtually
all sub-strategies, except for long-term time trends in unemployment, have positive Sharpe
ratios. The Sharpe ratios not only di↵er across variables but also across lookback periods
for each variable and across trend measures. The return correlations across variables, trend
measures, and horizons are less than perfect. Consequently, an investor can achieve diversi-
fication benefits by forming an aggregate portfolio of sub-strategies. Combining investment
signals in this manner is analogous to diversifying across predictive variables when mak-
ing forecasts, which, for example, Wright (2008) and Rapach and Zhou (2013) have shown
improves out-of-sample forecasting performance.
We construct such aggregate portfolios for each of the eight fundamental variables and
report the performance statistics in Table 1. Trend strategies based on all variables are
profitable, having Sharpe ratios ranging from 0.28 for retail sales to 0.89 for short rates.12
The Sortino ratios are defined as average excess return divided by downside volatility, which
penalizes strategies with large negative skewness. The strategies display moderate skewness
except for the inflation-based strategy, which has a negative skewness of 0.76. The hit ratios
refer to the proportion of all months with positive returns and average approximately 60%.
The worst drawdowns tend to occur with strategies based on measures of economic activity.
We also report the duration in months of the worst drawdown for each strategy and find
them to range from 22 months for short rates to 232 months for retail sales. The construc-
tion of each strategy employs leverage of approximately 2.5, on average. The cumulative
returns of each of the eight portfolios are plotted in Figure 3. The correlations of returns
between the eight strategies, reported in the online appendix, are rather low, with an average
pairwise correlation of approximately 0.2. Strategies based on interest rates exhibit rather
12More specifically for the interest-rates variables, we document Sharpe ratios of 0.89, 0.80, and 0.54 for
short rates, yield spreads, and long rates, respectively. This can be compared to Ang and Chen (2010) who
for the same variables but using only monthly changes document Sharpe ratios of 0.44, –0.17, and 0.55.
Hence, the investment performance seems to improve substantially when considering longer-term changes in
interest rates and yield spreads.
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high correlations among themselves, while the other correlations are substantially lower.
Building on the low correlations across variables and strategies, we construct a trend
combo that combines all available sub-strategies. The last column in Table 1 reports the
performance of this strategy, where the achieved diversification benefits are evident from
the higher Sharpe and Sortino ratios of 1.10 and 1.89, respectively, and the higher hit ratio
of 68%. The cumulative return of this portfolio is also plotted in Figure 3. Analyzing the
strategy’s worst and best months, we find the three worst months to be March 1995 (–
6.64%), September 2008 (–4.35%), and July 1999 (–4.30%) and the three best months to be
June 1988 (4.87%), December 2001 (5.08%), and June 1981 (5.35%). Importantly, a trend
combo that excludes the interest-rate variables yields a Sharpe ratio of 0.85, as reported in
the online appendix.
We also study how the performance depends on the lookback period and trend measure
used. First, we construct three combos with short-, medium-, and long-term trends, mea-
sured over 1–12 months, 13–36 months, and 37–60 months, respectively. Table 2 reports the
results, showing that investment performance improves with the length of the trend used.
The short-term trend portfolio has an annualized Sharpe ratio of 0.81 versus 1.06 for the
long-term trend portfolio. The long-term portfolio exhibits smaller drawdowns that are sub-
stantially shorter in duration. Hence, the strongest return contribution to the trend strategy
seems to come from long-term trends in fundamentals. Second, we construct two portfolios
that use changes in variables and the significance of time trends, respectively. Table 2 shows
that both measures produce similar performance with Sharpe ratios of one. That the trend
strategies generate positive returns indicates that the strategies capture cross-sectional pre-
dictability of currency returns. We run predictive panel regressions using the next period’s
currency return as the dependent variable and standardized portfolio weights for di↵erent
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trend strategies as independent variables:
Rc,t+1 = at + b w˜c,t + ✏c,t+1, (8)
where Rc,t+1 denotes the monthly excess return for currency c at time t + 1, w˜c,t denotes
the standardized portfolio weight for currency c at time t, and at denotes time fixed e↵ects.
Weights for aggregate strategies are constructed by weighting each sub-strategy by the in-
verse of its past volatility and scaling the weights such that they sum to one. Weights are
then scaled by a factor of 5% divided by the past volatility of the aggregate strategy. Finally,
weights are cross-sectionally standardized in each month. We predict returns using portfolio
weights for trend strategies based on interest rates, inflation, trade balance, economic activ-
ity, and the trend combo. Table 3 reports results indicating that all trend strategies predict
future currency returns with coe cients being highly statistically significant. For example, a
coe cient of 0.21 for the trend combo means that a portfolio weight one standard deviation
above the mean predicts a positive currency return of 0.21% the next month. An increase
in the portfolio weight can also be interpreted as an increase in a currency’s portfolio rank.
In this case, a one-standard-deviation-increase in portfolio weight corresponds to a four-step
increase in ranking. There are on average 14 currencies in the portfolio at each time t, so,
for example, moving from rank 4 to rank 12 predicts a positive return of 0.42% the next
month. The last column indicates that all trend strategies predict returns significantly when
considered jointly.
4.2 Economic momentum versus benchmark strategies
Having established that investing according to past trends in fundamentals yields high risk-
adjusted returns, the question arises as to whether the economic momentum strategy is
simply a repackaged version of existing currency strategies. We answer this question by
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relating the returns on trend strategies to those on standard carry, momentum, value, dollar-
carry, and long-only portfolios. We construct the benchmark strategies as described in
Section 3.5 and report their performance statistics in Table 4. All strategies except the
time-series value and long-only portfolios have high Sharpe ratios. Most of the strategies
have negative skewness and rather large and extended drawdowns.
Next we study how well the benchmark strategies can explain the returns of the trend
combo. We run contemporaneous time-series regressions using trend-combo returns as the
dependent variable and the returns of various benchmark strategies as independent variables.
Table 5 reports the results of each regression specification. First, we regress the returns of the
trend combo on the dollar-carry and long-only strategies together with cross-sectional-carry,
momentum, and value strategies. The resulting alpha is highly significant, both statistically
and economically. The annualized alpha of 3.22% represents 52% of the average return of
the trend combo (i.e., less than half of the average trend returns are explained by existing
currency portfolios). The positive and significant coe cient for carry returns suggests that
a portion of the trend returns reflects cross-sectional di↵erences in carry. Second, we instead
consider time-series-carry, momentum, and value strategies as benchmarks. The estimated
alpha is larger than before and the coe cient for carry is again positive and significant.
Finally, we regress trend returns on proxies for volatility and funding risks in the forms
of changes in FX volatility, the VIX index, and the TED spread. The coe cient for the
TED spread is negative and significant, suggesting that worsening funding conditions are
associated with poor returns of the trend combo.
Finally, we turn to predictive regressions. We begin by predicting currency returns one
month ahead using portfolio weights for the cross-sectional carry, momentum, and value
strategies as well as the trend combo. Portfolio weights are standardized in each month as
described earlier. Specifications I–III in Table 6 indicate that the three benchmark strategies
positively predict returns with highly significant coe cients. However, the magnitudes of
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the coe cients and the R-squared values are smaller than those of the trend combo. Spec-
ification V includes all benchmark strategies jointly, with coe cients remaining significant.
Specification VI includes the benchmark strategies and the trend combo jointly. The combo
drives out the significance of the carry portfolio, leaving only the momentum and value port-
folios significant. These results suggest that the trend combo captures the predictive power
of the carry portfolio while the momentum and value strategies seem to represent distinct
strategies.
We also predict multi-period currency returns for up to twelve months. The regressions
include the same three benchmark strategies as used for monthly returns together with the
trend combo. Table 7 reports the results. The coe cients of the trend combo remain high and
strongly statistically significant for all forecasting horizons. In contrast, the carry strategy
has no predictive power while the momentum portfolio loses its predictive power over longer
horizons. Like the trend combo, the value strategy possesses significant forecasting power
for all forecasting horizons. The R-squared increases from 1.51% for one-month horizons to
11.60% for twelve-month horizons. We report predictability of results in terms of foreign
currency appreciation or dollar depreciation, i.e., (Sc,t+1   Sc,t)/Sc,t, in Table 8. The trend
combo retains its predictive power with positive and significant coe cients, albeit with
smaller coe cients.
4.3 Economic momentum and the carry trade
The last sub-section demonstrated that the trend combo drives out the significance of the
carry strategy when predicting currency returns. This suggests that the trend combo cap-
tures the nature of the carry trade. We investigate this further by regressing carry-trade
returns on the returns of the remaining benchmark strategies and the various trend strate-
gies. Table 9 reports the results. Specification I reports the results of including only the
additional benchmark strategies as independent variables. The constant is statistically sig-
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nificant and represents an annualized alpha of 2.21%. Hence, existing currency strategies
have problems explaining carry-trade returns, as is well established in the literature. Specifi-
cations II and VI include trend strategies consisting of interest rates, inflation, trade balance,
economic activity, and the combo. We find that all trend strategies, except the one for the
trade balance, have positive and strongly significant coe cients and render the alpha of carry
trades insignificant. That trends in trade balances cannot explain the carry trade suggests
that the model of adjustment of external imbalances presented by Gourinchas and Rey (2007)
is distinct from any model aiming at explaining carry-trade returns. Moreover, our finding
that changes in interest rates and yield spreads are significant determinants of carry-trade
returns is di↵erent from that of Ang and Chen (2010), who document that monthly changes
in interest rates are unrelated to carry-trade returns. While confirming their findings, we find
that longer-term changes in rates emerge as significant determinants of carry-trade profits.
When including the combo in specification VI, the carry-trade alpha declines to 0.10% per
year. Specifications VII and VIII do the same for the time-series-carry strategy. Again, we
find that the trend combo is a significant determinant of carry-trade returns, with the alpha
becoming of less economic magnitude and statistically insignificant.
4.4 Transaction costs and turnover
It is reasonable to ask whether the documented profits of the trend strategies survive when
taking transaction costs into account. The impact of trading costs on performance is a
function of the costs themselves and the turnover of the strategy. We measure the average
monthly turnover of the trend strategies and of the benchmark strategies by
1
T
TX
t=1
CtX
c=1
|wc,t+1   wc,t|, (9)
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where wc,t again denotes the weight of currency c at time t. This measure can be interpreted
as the average amount of total wealth traded each month.
We first study the turnover of the trend strategies based on the eight fundamental vari-
ables. The first plot in Figure 4 reports the turnover of each strategy and for short-, medium-,
and long-term trends. It is evident that investing according to short-term rather than long-
term trends is associated with higher turnover. This is intuitive, because short-term trends
are less persistent. While short-term trends incur a turnover of more than 100%, long-term
trends incur an average turnover of 70%. In addition, signals based on trade balance and
measures of economic activity tend to have a higher turnover than do measures based on
inflation or interest rates. The second plot in Figure 4 presents Sharpe ratios before transac-
tion costs, showing that short-term trends tend to have lower Sharpe ratios than do medium-
or long-term trends. Regarding which level of transaction costs to use, the working paper
version of Menkho↵ et al. (2012b) reports an average bid–ask spread for spot and forward
rates of around ten basis points over the 1976–2010 period for developed markets. Mancini
et al. (2013) report average bid–ask spreads of around five basis points for the most liquid
currency pairs over the 2007–2009 period, albeit with occasional spikes during the financial
crisis. An investor incurs a cost of half the spread when buying or selling a currency. Assum-
ing a bid–ask spread of ten basis points, the di↵erence in performance between short-term
and long-term trends becomes even more obvious. The low gross Sharpe ratios together
with high turnover imply that the net Sharpe ratios are even lower for short-term than for
medium- or long-term trends, in some cases even approaching zero.
Next we report the turnover of the trend combo and benchmark strategies in Table 10.
The trend combo has an average monthly turnover of 85%, which is similar to that of the
cross-sectional benchmark strategies but higher than that of the time-series strategies. The
dollar-carry and long-only strategies have the lowest turnovers. Note that the turnover of
a strategy is a function of the leverage of the strategy, the change in the actual investment
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signal, and the change in the volatility of the strategy, because portfolio weights are scaled
by past volatility. This explains why the long-only strategy has a positive turnover. Despite
being long a basket of all foreign currencies in each period, the realized volatility of the
strategy changes, causing portfolio weights to change.
The fact that strategies with cross-sectional weighting have higher turnover than do
strategies with time-series weighting reflects the fact that a currency changes its cross-
sectional rank more often than the sign of a currency’s signal switches. Table 10 reports
Sharpe ratios net of transaction costs, assuming three di↵erent transaction costs based on
bid–ask spreads of five, ten, and 15 basis points. Assuming a spread of 15 basis points, the
trend combo generates a Sharpe ratio of 0.96, which is higher than those of the benchmark
strategies. Hence, even after taking costs into account, investing in currencies based on past
trends in fundamentals seems profitable.
5 Investors’ expectations of fundamentals
A recent and growing literature has found that investors’ expectations of future returns on a
range of financial assets tend to be extrapolative. That is, investors expect high (low) future
returns if recent realized returns are positive (negative). However, there is less empirical
evidence as to whether investors’ expectations of fundamentals are also extrapolative. We
study whether this is the case using survey expectations from the World Economic Survey.
We run panel regressions using survey results for a particular economic variable as the
dependent variable and recent short-term trends in the forecasted economic variable as the
independent variable. More specifically, we use the past three-month change (or log change)
to measure past trends, because the literature on the extrapolation of return expectations
suggests that investors put the most weight on recent trends.13 As described earlier, the
13The online appendix reports evidence of extrapolation even for horizons longer than three months. In
unreported results, we also find evidence of extrapolation across a range of variables, using expectations from
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World Economic Survey is sent to investors during the first month of each quarter, and its
results are then released in the second month. We align the regressions such that surveys
conducted during the current quarter are mapped to past trends as of the end of the previous
quarter. For example, trends in fundamental variables ending 31 December 1990 are used to
explain surveys conducted in January 1991 and subsequently released in February 1991. This
guarantees that past trends are part of the investors’ information set when they complete
the survey.
Table 11 reports results for seven surveys representing short rates, yield spreads, long
rates, inflation, trade balance, economic activity, and local currency appreciation (USD
depreciation). All regressions return positive and significant coe cients. This suggests that
investors’ beliefs, across variables and countries, are uniformly extrapolative. The finding
that investors’ beliefs about future currency appreciation are extrapolative was recently
documented by Koijen et al. (2015).14 In the online appendix, we report that controlling for
lagged surveys in the regressions yields similar results.
We also study how investor beliefs relate to the portfolio weights, which measure the
relative ranks of economic trends across countries. Table 12 reports relevant results and shows
that surveys tend to load negatively on the weights, with the exception of survey results about
trade balances. This suggests that investors tend to expect a decrease (increase) in a variable
when past trends in that variable rank high (low) compared with those in other countries.
Controlling for lagged surveys strengthens the results, as reported in the online appendix.
The negative coe cient in the last column suggests that the model-implied expected returns
and investors’ views of currency returns are inversely related. That is, when the model
indicates high expected returns on a currency, investors believe in low returns in the form of
future depreciation.
the Survey of Professional Forecasters.
14While we use lagged currency excess returns in the table, the results also hold for currency appreciation.
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That investors’ beliefs seem to have the “wrong” sign suggests that investing according to
their beliefs about future currency appreciation would yield negative performance. Indeed,
we find this to be true, as reported in Table 13. This result has recently been documented
by Koijen et al. (2015). Motivated by the potential bias in investors’ beliefs, we also con-
sider strategies that invest according to investors’ views of future fundamentals. We go long
(short) currencies in countries whose investors believe in an increase (decrease) in the respec-
tive fundamental variable. We consider strategies that employ cross-sectional ranking and
also strategies that use time-series weighting. In the latter case, a currency’s signal is deter-
mined by investors’ expectations in the foreign country minus US investors’ expectations of
the same variable. That is, when foreign investors are more optimistic (pessimistic) about
a fundamental variable, we go long (short) the foreign currency versus the USD. The table
reports negative Sharpe ratios across the board; the time-series strategies in particular yield
negative performance. It seems that investing according to investors’ beliefs about inflation
and economic activity yields the worst performance. Hence, investing in countries for which
investors expect stronger economic growth, higher inflation, and tighter monetary policy in
the form of higher short rates seems to be a losing proposition. That the negative perfor-
mance is greatest for time-series strategies may reflect the uniform evidence of extrapolative
beliefs.
6 Conclusion
We document that past trends in fundamentals positively predict currency returns. A strat-
egy that goes long (short) currencies whose countries have experienced strong (weak) eco-
nomic momentum returns a Sharpe ratio of around one and yields significant alpha when
controlling for existing currency strategies. Returns on the economic momentum strategy
subsume the alpha of carry trades, which suggests that sorting on carry is captured by sort-
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ing on past trends in fundamentals. That more than half of the economic momentum returns
are left unexplained by standard strategies means that investing according to economic mo-
mentum represents an additional source of returns. We discuss possible explanations for
the returns, but their exact source remains an open question. In addition, we document
that investors’ expectations of future fundamentals are extrapolative across a broad range
of economic variables and countries. Currency strategies that invest in countries for which
investors expect tighter monetary policy, stronger growth, and higher inflation all exhibit
negative Sharpe ratios. It would be interesting to investigate the theoretical link between
exchange rates and extrapolative beliefs about fundamentals.
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Table 5: Returns of the trend combo on benchmark strategies
Returns on trend combo
I II III
Constant 3.22 3.37 0.36
(0.84) (0.90) (0.11)
Dollar carry 0.07 –0.19 0.24
(0.06) (0.08) (0.11)
Long only –0.02 –0.20 –0.03
(0.05) (0.07) (0.11)
CS Carry 0.51
(0.06)
CS Momentum 0.18
(0.06)
CS Value 0.14
(0.07)
TS Carry 0.61
(0.09)
TS Momentum 0.02
(0.06)
TS Value 0.03
(0.08)
 FXVOL –10.22
(9.33)
 TED –0.70
(0.32)
 VIX –0.04
(0.03)
Appraisal ratio 0.72 0.71
Adjusted R2 (%) 34.65 27.15 9.02
The table presents a contemporaneous regression of the monthly
returns of the trend combo on benchmark strategies and changes
in measures of volatility and funding conditions. Appraisal ratio
refers to the constant of the regression divided by the standard de-
viation of the residuals. Constants in specifications I and II are an-
nualized alphas. Specification III uses changes in foreign exchange
volatility (FXVOL), the TED spread, and the VIX volatility index,
which are non-traded factors, so the constant cannot be interpreted
as alpha (no appraisal ratio is then reported). Point estimates are
reported with Newey and West (1987) standard errors, account-
ing for conditional heteroscedasticity and serial correlation up to
twelve lags, in parentheses. Adjusted R2 values are also reported.
The sample period is January 1976 to May 2014, except for spec-
ification III which starts in January 1990 due to data availability
for the VIX volatility index. 35
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Table 7: Predicting currency returns over various forecasting horizons
Cumulative currency returns
1 month 3 months 6 months 12 months
CS Carry 0.04 0.02 0.01 0.01
(0.03) (0.03) (0.03) (0.04)
CS Momentum 0.07 0.05 0.02 –0.01
(0.03) (0.03) (0.02) (0.02)
CS Value 0.13 0.14 0.14 0.12
(0.04) (0.03) (0.03) (0.03)
Trend combo 0.16 0.14 0.14 0.14
(0.03) (0.03) (0.03) (0.03)
Adjusted R2 (%) 1.51 3.57 6.29 11.60
The table presents the results of panel regressions in which future cumulative cur-
rency returns over one-, three, six-, and 12-month horizons are predicted along with
current portfolio weights of three benchmark strategies (i.e., carry, momentum, and
cross-sectional value) and the trend combo. The cumulative returns are scaled on
a monthly basis to facilitate the interpretation of the coe cients. Point estimates
are reported with standard errors, clustered by currency, in parentheses. Adjusted
R2 values are also reported. The regressions include time fixed e↵ects, though they
are not reported. The sample period is January 1976 to May 2014.
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Table 8: Predicting dollar depreciation over various forecasting horizons
Cumulative dollar depreciations
1 month 3 months 6 months 12 months
CS Carry –0.09 –0.10 –0.11 –0.11
(0.04) (0.04) (0.04) (0.04)
CS Momentum 0.03 0.01 –0.02 –0.04
(0.03) (0.04) (0.03) (0.02)
CS Value 0.12 0.13 0.13 0.12
(0.04) (0.03) (0.03) (0.03)
Trend combo 0.07 0.06 0.06 0.07
(0.03) (0.03) (0.03) (0.03)
Adjusted R2 (%) 0.59 1.81 3.94 7.61
The table presents the results of panel regressions in which future cumulative dollar
depreciations over one-, three, six-, and 12-month horizons are predicted along with
current portfolio weights of three benchmark strategies (i.e., carry, momentum, and
cross-sectional value) and the trend combo. The cumulative returns are scaled on
a monthly basis to facilitate the interpretation of the coe cients. Point estimates
are reported with standard errors, clustered by currency, in parentheses. Adjusted
R2 values are also reported. The regressions include time fixed e↵ects, though they
are not reported. The sample period is January 1976 to May 2014.
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Figure 1: Sharpe ratios of trend strategies—changes
The figure shows annualized Sharpe ratios for fundamental variables versus lookback periods. Each month,
each strategy ranks each country according to the strength of past trends in each variable using changes
(or log changes) over a range of lookback periods. Each strategy then uses rank-based portfolio weights
and goes long currencies with positive trends and short currencies with negative trends. The inverse of
unemployment and flattening of yield spreads are used so that increases in the variables indicate improving
economic conditions. The sample period is January 1976 to May 2014.
Figure 2: Sharpe ratios of trend strategies—time trend
The figure shows annualized Sharpe ratios for fundamental variables versus lookback periods. Each month,
each strategy ranks each country according to the strength of past trends in each variable using linear time-
trend regressions over a range of lookback periods. Each strategy then uses rank-based portfolio weights
and goes long currencies with positive trends and short currencies with negative trends. The inverse of
unemployment and flattening of yield spreads are used so that increases in the variables indicate improving
economic conditions. The sample period is January 1976 to May 2014.
Figure 3: Cumulative portfolio returns of trend strategies
The figure shows the cumulative returns of trend strategies based on fundamental variables. The color scheme
is: short rate (green), yield spread (cyan), long rate (red), inflation (magenta), trade balance (light blue),
industrial production (light green), retail sales (light cyan), unemployment (light red), and trend combo
(blue). The sample period is January 1976 to May 2014.
Figure 4: Turnover and Sharpe ratios for trend strategies
The figure shows average monthly turnover in % and annualized Sharpe ratios for the variables over the
short, medium, and long terms. Sharpe (gross) refers to the Sharpe ratio before transaction costs, while
Sharpe (net) refers to the Sharpe ratio after transaction costs, assuming a spread of ten basis points. The
variables are: 1. short rate, 2. yield spread, 3. long rate, 4. inflation, 5. trade balance, 6. industrial
production, 7. retail sales, and 8. unemployment. The color scheme of the trends is: short term (blue),
medium term (red), and long term (yellow). The sample period is January 1976 to May 2014.
